Forests cover about 56% of the land area in Sweden and forest damage due to strong winds has been a recurring problem. In this paper we analyse recorded storm damage in Swedish forests for the years . During the period 48 individual storm events with a total damage of 164 Mm 3 have been reported with the severe storm on 8 to 9 January 2005, as the worst with 70 Mm 3 damaged forest. For the analysis, storm damage data has been normalised to account for the increase in total forest volume over the period.
Introduction
During the last three years Swedish forests have been struck by two major storms. The earlier one, on 8 January 2005, named "Erwin/Gudrun", caused the largest amount of reported storm damage ever in Sweden (Skogsstyrelsen, 2006a) . In total 270 000 ha of forest were demolished, adding to approximately 70 Mm 3 of damaged timber, i.e. the size of Correspondence to: A. Bengtsson (ab@maths.lth.se) damage was almost equal to 2/3 of the total reported forest damage for the 20th century (Nilsson et al., 2004) .
The more recent storm, on 14 January 2007, nicknamed "Per", was accountable for 12 Mm 3 of damage in southSwedish forests. Both storms have also resulted in severe secondary destruction of important infrastructures such as power supply, telecommunications, roads and railway systems (Skogsstyrelsen, 2006c) .
The intensity of "Gudrun" was extreme. Still the southern part of Sweden has suffered from earlier storms of approximately the same magnitude during the last hundred years; in 1902 and in 1969 (Alexandersson and Ivarsson, 2005) . Concern has been raised within the forest industry and the Swedish community on how often these forest damaging storms return, and their associated risks and implications for society (Skogsstyrelsen, 2006b) .
Today, Swedish forests cover approximately 22.9 million out of 41 million hectares, or 55.8%, of the land. Almost all of the forested land is located within the boreal and hemiboreal zone and coniferous trees dominate. The most common species, measured in total standing volume over bark, are Norway spruce (Picea abies Karst.) (42.8%) followed by Scots pine (Pinus sylvestris L.) (38.2%) and birch (Betula spp.) (10.9%) (Skogsstyrelsen, 2006c) . Documented damage in Swedish forests, due to wind, has been presented in the annual reports from the Regional Forest Boards since 1910. A compilation of available records of forest storm damage in Sweden since year 1795 has been made by Holmberg (2005) , and Nilsson et al. (2004) have organized a regionally resolved dataset of reported storm damage covering 1901 to 2000.
Damage reports have increased in frequency from the beginning of the 20th century to the mid-sixties, which also includes an increase in the reported volume of damage (see Fig. 1 ).
Despite the available data, the literature present few studies on the return period of storm damage in Swedish forests.
Published by Copernicus Publications on behalf of the European Geosciences Union. An early compilation was done by Sotter (1956) , who gathered data, from 1871 to 1955, on forest storm damage reported yearly by the Regional Forestry Boards, the Swedish Forest Service (Domänsstyrelsernasårsberättelser) and the Swedish counties. Sotter (1956) found that severe storm damage, defined as damage exceeding 4 to above 10 m 3 /ha productive forest, had a return period of 10 years. However, he remarks that the significance is low, since the data only includes 3 catastrophic storms with damage exceeding 10 m 3 /ha (years 1931, 1943 and 1954) within the 85 years in the study.
There are many factors contributing to an explanation of why a certain tree is damaged in a storm. Naturally, the main cause of wind damage in forests is due to strong gusts. However, there is no observational evidence for an increasing long term trend in storminess for Scandinavia during the last century (Bärring and von Storch, 2004; Alexandersson et al., 2000) which could explain the increased number of reports and damage. Instead the increase in reported storm damage, both on a European scale and in Sweden, has been related to an increase in forest volume and area of coniferous forest, especially Norway spruce (Schelhaas et al., 2003; Nilsson et al., 2004) . In Sweden the total forest volume has increased, almost linear, from 1747 Mm 3 year 1926 to 2982 Mm 3 year 2000 (NFI06). For the south part of Sweden, Götaland, the amount of Norway spruce has increased in relation to Scots pine, although, for Sweden as a whole, the relation between the amount of Norway spruce, Scots pine and broad-leaves has been stable over the period (Skogsstyrelsen, 2006b ).
An important factor which contributes to the susceptibility of a tree to strong wind is management practices, as synthesized by Persson (1975) , Peltola et al. (1999a) , Venäläinen et al. (2004) , Peltola et al. (2004) . Forest management influences the tree environment by regulating tree species, tree height and stand density with e.g. plantation, thinning or clearing. The root depth and width are also affected by the management practices, and with an increased wind stress this can lead to rupture or uprooting of a tree (Coutts et al., 1999; Peltola et al., 1999b; Danjon et al., 2005) . Further, the general wind exposure of a forest stand, the soil properties and soil chemistry, together with the acclimatization of the trees, all which are determined by the location of the forest in the landscape, influence the ability of a single tree to cope with strong winds.
Apart from the explanations above, Schelhaas et al. (2003) has suggested uncertainty in data as a reason for increased storm damage in Europe, such that the increase may reflect an increase in number of reports rather than an actual increase in forest damage. The uncertainty in data also applies for Swedish records of storm damage data, where one example is the 1902 storm in Götaland, of which written reports speak of massive damage (Hollgren, 1903) but the reported damage is only 0.15 Mm 3 (Holmberg, 2005) .
Forest damage due to strong winds, on a larger scale, is by nature relatively rare and available data of these events is scarce. Modelling wind-storm damage with conventional statistical methods such as regression models or standard non parametric methods, is inefficient or even inappropriate for the tail of the distribution. To be able to handle this problem some model assumptions of the regularity of the tail of the distribution have to be made. Extreme Value Theory (EVT) presents these theoretically well founded assumptions. A good introduction to EVT is given in the book by Coles (2001) and more theoretically in Leadbetter et al. (1983) .
In this paper data of storm damage in Swedish forest for the period 1965-2007 is analysed using statistical extreme value theory. Data is fitted to a Poisson point process model with generalised Pareto distributed excesses. Using the model the likelihood of severe storm damage is quantified. A possible increasing temporal trend is investigated by using time dependent model parameters as well as with a non-parametric kernel method.
The paper begins with a section describing the storm damage data followed by a section presenting the model. The results from the analysis are given in the proceeding section and the paper concludes with a discussion and conclusions.
Data
Data on wind damaged forest comes from a regionally resolved compilation of reported storm damage in Swedish forests, covering years 1900 to 2000. The data is based on notes and reports to the Swedish National Forestry Board, and articles from national Swedish forestry press as described by Nilsson et al. (2004) . This dataset has been updated to include damage during the years of 2001 to 2007.
In this paper damage data for the later period, year 1965 to 2007, is further analysed. Damage has been normalised for the increase in total forest volume by multiplication of each individual damage with the ratio of total forest volume in year 2000 to total forest volume in the year of damage. The normalised storm damage is plotted in Fig. 1 (bottom) . As seen from the plot, the frequency of forest damaging storms is approximately constant for the period 1965-2007, with an average of 1.14 storms reported per year (storm events with zero damage corresponds to damage reports with no estimated damage size). This can be compared with data for the preceding period, in which there is a strong increase in frequency of reported storm damage, see 
Statistical extreme value theory

Poisson point process model
Since reported storm damage only reflects major storm events it is natural to use a model describing damage exceeding a certain threshold, which we denote u. Let T i denote time and X i size of damage for the ith storm with damage exceeding level u in the time period [t a , t b ]. We say that the sequence of storm damage events (T 1 , X 1 ), . . . (T N A , X N A ) , forms a two-dimensional point process on the set A=[t a , t b ]×(u, ∞), with N A equal to the number of points in A. For a homogeneous process, assuming independent events, it can be shown that the point process for a sufficiently high threshold may be approximated by a Poisson process with intensity λ, i.e. the number of points N A is Poisson distributed with expectation E[N A ]=(t b −t a )λ. Inter-event times, T i+1 −T i , in a Poisson process are independent and exponentially distributed with expectation 1/λ. Furthermore, the distribution of excesses, X i −u, is approximately generalised Pareto with distribution function
where ξ , −∞<ξ <∞, is a shape parameter and σ , σ >0, is a scale parameter. If ξ <0 the distribution of excesses is bounded from above by − σ ξ , whereas in the heavy tailed case, i.e. ξ >0, there is no upper bound. With ξ =0 the generalised Pareto distribution is equal to the exponential distribution.
From Eq.
(1) it follows that the conditional distribution, given a higher thresholdũ=u+v, v>0, is
The shape parameter ξ is invariant under an increase in threshold, whereas the scale parameter σ increases linear with v. Similarly, excesses aboveũ forms a Poisson process with intensityλ=λ(1+ξ v/σ ) −1/ξ . Thus, the model is stable under an increase in threshold.
The choice of threshold is important. With a high threshold the bias of the model is reduced but since this gives fewer data the variance of the estimated model parameters becomes larger. Although techniques have been developed to choose an appropriate threshold the choice is still somewhat subjective. The standard method is to fit the model for a range of thresholds and then choose the lowest threshold above which parameter estimates are approximately stable.
To make inference for the model parameters we use the Maximum Likelihood (ML) method. It has been argued that the probability weighted moments method has better small sample properties, however studies show that it may have a bias in the estimates when modelling storm damage which in other studies has shown to have heavy tailed distribution with ξ values above 0.5 (Rootzén and Tajvidi, 1997).
Damage quantiles and medians
Using Eq. (2) and the assumption of a Poisson process, the upper p-quantiles, x T ,p , of the maximum damage from an individual storm in a time period of length T , can be calculated as
Furthermore, the median m(ũ) of a damage exceeding level u,ũ>u, is equal to 
Non-stationary processes
Although, the convergence of the model for a non-stationary process can not be proved in general by EVT, it is possible to extend the stationary model to a non-stationary case with time dependent model parameters. This allows us to model a temporal trend caused by e.g. long-term climate changes. The different models considered are
linear in scale and shape)
In addition to the parametric approach above we also used a non-parametric method which uses a kernel function to calculate a "local" log-likelihood (Hall and Tajvidi, 2000; Davison and Ramesh, 2000) . Given the observed damage events, (t 1 , x 1 ), . . . , (t n , x n ), exceeding threshold u in a time interval [t a , t b ], the parameter estimates,σ (t),ξ (t) andλ(t) at time t are obtained by maximising the log-likelihood expression
with respect to σ , ξ and λ, and where t 0 =t a . K(·) is the kernel function and the parameter h is called the band- (1−x 2 ) 2 for |x|≤1. The interpretation of return levels, Eq. (3), and median excesses, Eq. (4), becomes difficult for a non-stationary process and is outside the scope of this paper.
Results
Model inference
To choose an appropriate threshold the Poisson point process model is fitted for a range of thresholds. In Fig. 2 ML-estimates of the shape, ξ , and scale parameter, σ , for u=[0.05, 1.8] Mm 3 are plotted together with corresponding 90% confidence intervals. Considered the limited number of available damage events the ML-estimates appear to be reasonably stable and a threshold of u=0.1 Mm 3 is chosen. The number of damage events exceeding this level is 37. This give estimates,ξ =1.00 (0.43, 1.57) and σ =1.04 (0.59, 1.83) Mm 3 with 90% confidence intervals in parenthesis. The estimated intensity for storm damage events exceeding u=0.1 Mm 3 isλ=0.88 (0.69, 1.06) year −1 . Since a 90% confidence interval for ξ does not cover zero there is a strong support for a heavy-tailed distribution.
Diagnostic plots, such as the median-unbiased quantile plot and the probability plot in Fig. 3 , show good fit, although there is some deviation from the model in the quantile plot for the three most severe storm damage events, indicating a slightly heavier tail. However, the variability of the most extreme events is large for the generalised Pareto distribution with shape parameter close to one and thus these events are likely to deviate from the straight line. The difference between the probability plot and the quantile plot is just a transformation of scale and comparing the two plots it can be seen that the deviation from the model in the quantile plot for the three largest damage events corresponds to a very small difference in probability.
Damage quantiles
Using Eq. (3) the hundred year storm damage is computed by x T ,p =x 1,1/100 . This is approximately equal to the level exceeded, on average, once every hundred years. With the chosen threshold the theoretical hundred year storm damage is 89 Mm 3 . The return period for a storm with damage equal in size with the damage caused by the severe storm on 8 to 9 January 2005, in southern Sweden is approximately 80 years. In Table 1 quantiles for some different probabilities and time periods are given. Because of the uncertainty in parameter estimates, due to the small number of observations and choice of threshold, the computed quantile values should only be used to give the order of magnitude of damage, especially for long time periods and small probabilities. This is illustrated in Fig. 4 where the estimated hundred year storm damage is plotted as a function of chosen threshold.
Trend analysis
To assess a possible trend in frequency, inter-event times between succeeding events exceeding u=0.1 Mm 3 , are plotted in other thresholds. However, the trends do not significantly differ from zero.
To assess a possible trend in damage size we allow for time-dependent shape and scale parameters. Table 2 gives parameter estimates together with log-likelihood for the four different temporal trend models together with the estimates for the model without trend (time is transformed to interval [0, 1]). The models indicate an increase in scale, σ , and an almost constant shape, ξ , of the distribution of excesses. Comparing log-likelihood for the different models gives, however, that non of the time dependent models is significantly better than the stationary model.
A second approach to model a temporal trend is to use the non-parametric method described above. Numerically maximising the weighted local-likelihood function, Eq. (5), for different time points, using a biweight kernel with bandwidth h=0.6, give the estimates of σ (t), ξ(t) and λ(t) plotted in Fig. 6 . From the plot it can be seen that there is an increasing trend in the scale parameter and that the shape parameter decreases from the beginning of the period to mid 80-ties and then increases at the end of the period. The intensity decreases slightly over the period.
Discussion and conclusions
Normalised storm damage data for the period has been analysed using a Poisson point process model with generalised Pareto distributed excesses. Damage data show strong support for a heavy tailed distribution with a shape parameter approximately equal to one which gives great variability in amplitude for the most extreme events and explains why the "worst" storm damage is likely to come as a "surprise". This can be illustrated by calculating the median of the next worst storm damage event in Sweden. Using parameter estimates (ξ ,σ )=(1.00, 1.04), the median of the next worst storm damage is 140 Mm 3 or twice the size of the damage caused by the severe storm in January 2005. This can be compared with normalised damage data for the so far worst storm (January 2005) and second worst storm (November 1969) which has a ratio of 2.6. Similar heavy tailed distributions have been found in other studies of storm damage (Rootzén and Tajvidi, 1997; McNeil and Saladin, 2000; Katz, 2006) .
Available damage records show that reported forest storm damage has increased dramatically since the beginning of the 20th century. The large increase in coniferous forest as well as an increased susceptibility may be some of the reason. Yet, these factors do not seem sufficient to explain the strong increase seen in Fig. 1 . The main reason for the increase is probably inhomogeneity in recorded data. This holds especially for data from the first half of the 20th century, when there might have been unreported storms, or reported storms with only part of the damage volume reported.
The analysis gives no conclusive evidence of an increasing temporal trend in the normalised storm damage data for the period 1965 to January 2007. However, as pointed out above, the number of available damage events used in the analysis is relatively small and therefore the uncertainty is large. The most severe damage events, in Sweden as well as in Europe as whole, occurred at the end of the period. It can not be excluded that this marks the beginning of increased damage due the climate change.
